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ABSTRACT

Horizontal gene transfer is an event that has received much recent attention because of its import in the evolution of organism. Horizontal gene transfer entails the incorporation of foreign DNA into an organism’s genome and accounts for a large chunk of prokaryotic genes. Horizontally transferred genes have a wide range of functions, most notably pathogenicity and antibiotic resistance. In this paper, I use three methods of detecting horizontally transferred genes on the Streptococcus sanguinis genome: GC content, codon adaptation index, and dinucleotide frequencies. I use statistics and plots to search for regions of the genomes that are atypical in any of the metrics. I generate the results using a PERL script and visualize them using a web page. There are two methods for scanning the genome. The first consists of a sliding window through the entire genome. These results show a lack of consensus in the three metrics. The second method involves investigating only the genic regions. This results in identification of possible horizontally transferred islands. Further investigation requires official completion of the Streptococcus sanguinis annotation.
INTRODUCTION


The availability of whole genome sequences has led to the discovery of the rampant influence of horizontal gene transfer on the evolution of organisms. Scientists have long been using the phenomenon in recombinant biological studies using prokaryotes. However, recent examination of phylogenies and genome characteristics has shown that horizontal gene transfer (HGT) occurs naturally and with frequency. The elucidation that many genes are not only horizontally transferred but also that these horizontally transferred genes (HTGs) confer certain features on organisms challenges the traditional Darwinian concept of evolution and diversity (Ho 2002). In particular, HGT threatens the idea that naturally selected mutations are the only way organisms evolve toward better fitness. Scientists now understand that HGT is part of a fluid genome wherein characteristics can be acquired from other organisms under certain environmental conditions.

While some studies suggest the occurrence of HGT in eukaryotes, the vast majority of known HGT events are in prokaryotes. Indeed, in some cases, as much as 25% of an organism’s genes come about through HGT. There are three major mechanisms for HGT in prokaryotes: conjugation, transformation, and transduction. Conjugation is direct cell-to-cell contact where one prokaryote attaches to another and delivers DNA directly. Transformation is direct uptake from the environment. This is the method successfully used in recombinant biology to force bacteria to uptake plasmids specially constructed by biologists. Finally, transduction is phage-mediated transfer. In this case, a phage attaches to a “donor” cell and later delivers that cell’s DNA to a “host” cell (Ochman, Lawrence & Groisman, 2000).


Two characters commonly introduced through HGT are antibiotic resistance and virulence (Ochman, Lawrence & Groisman, 2000). These two characters are major factors in public health issues and in drug development (and therefore in multi-billion dollar businesses). Understanding the mechanisms and the reasons for HGT can facilitate the production of drugs that do not lead to increasing resistance in pathogens. While these two characters are the most prevalent in HTG, studies have shown that genes of many functions move among genomes by way of horizontal transfer. These genes include those important in cell envelope development and regulation, regulatory functions and general cellular processes (Nakamura, Itoh, Matsuda, & Gojobori, 2004).


One way to identify HTGs is phylogenetic inference (Ragan, 2001). The idea is to search for topological disagreements in a tree for a gene family and one for another family. However, phylogenetic inference has a number of disadvantages; for example, trees can be computationally expensive to generate and the results may not be as optimal as desired. 
Other methods of HGT identification that have gained increasing attention take advantage of the availability of genome sequences. These methods look at certain features of the genome and attempt to identify regions atypical in these features. These features can include compositional contrasts, genome signature contrasts and codon usage biases (Karlin, 2001). However, these methods have their disadvantages as well. The primary hurdle in using surrogate methods (as Ragan calls them) is the process of amelioration: the ability of the organism to adapt HTGs to mimic their own genome structure through successive generations (Porwollik & McClelland, 2003). Therefore, these surrogate methods are adept at discovering recently transferred genes but have difficulty detecting older transfers, leading to relatively low prediction rates (Tsirigos & Rigoutsos, 2004). 
METHODS AND MATERIALS
Metrics
In my work this summer, I utilized three surrogate methods for detecting HTGs:

1. GC content. GC content refers to the relative frequency of guanine and cytosine in a genome’s nucleotide composition (Ferretti, McShan, Ajdic, et al. 2001). It is one of the first statistics reported in a genome sequencing paper and its value can help indicate the organism’s preference toward certain codons and amino acids. GC content can also help identify instances of HGT. The idea is that a gene that is transferred from another organism is likely to have a GC content that differs from the overall content of the genome. 
2. Codon Adaptation Index. The codon adaptation index (CAI), first introduced by Sharp and Li (1987), is a metric used to measure codon bias. It is calculated using relative synonomous codon usage statistics, which are the values in a codon usage table. The CAI (1) is the quotient of CAI observed over CAI maximum. The observed CAI (2) is the geometric mean of the RSCUs for all codons in a particular gene. The maximum CAI (3) is the geometric mean of the maximum RSCU value for an amino acid. Again, the idea is to search for atypical regions, indicating a foreign manner of codon usage.
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3. Dinucleotide Bias. Karlin and Burge (1995) describe another genome signature that is remarkably stable within a genome: the dinucleotide bias. The dinucleotide bias is calculated by ascertaining relative abundance values:
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where fXY is the frequency of a dinucleotide in a region and fX and fY is the frequency of the mononucleotides in the dimer. Both of these frequencies are calculated on the sequence of the region concatenated with the inverse complement in order to compensate for any asymmetry. Karlin (2001) also reports that a helpful way to compute differences between the relative abundance value of a given region and the value of the entire genome is through the average absolute difference:
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where a would be the region and b would be the mean for the genome.

PERL Script
I wrote a PERL script that calculates the metrics and creates the. The script takes advantage of EMBOSS (Rice, Longden, & Bleasby 2000), a suite of pre-written processes that computes values relevant to bioinformatics (such as GC content, CAI, and mono/di-nucleotide frequencies). I wrote a separate function to calculate the average absolute differences. 
The PERL script also calculates descriptive statistics for each of the surrogate methods and determines statistical significance. I decided to denote any region that has a metric value outside of the 5th or 95th percentiles as statistically significant and a candidate for an HGT event. The script compiles these atypical regions into a text file, which is then reproduced on a web site. Other methods of identifying statistical significance exist, but the literature does not agree on a single method that truly reflects biological significance. Because of the lack of reliability and confidence in applying classical statistical methods to biological studies of this sort, one popular solution has been HGT identification through visualization in plots. Therefore, the PERL script also creates line plots for each of the three surrogate methods for visual identification without using any numerical analysis. 
There are two methods for choosing regions to analyze. The first is the sliding window method, wherein the entire genome sequence is analyzed by taking a window of given size, calculating the statistics for that region, then sliding the window to the next part of the genome (with overlap or no overlap). This process is useful for studies where the genome is not well-annotated or the genic regions have not yet been predicted. Furthermore, the gene density in prokaryotes is quite high so that enough information is preserved (whereas in eukaryotes we would be examining long stretches of non-genic regions, which would be pointless in a study looking for HGT). The second method is computation of the metrics for only the open reading frames.
RESULTS


I ran the script on the Streptococcus sanguinis genome to search for HGT events in that organism. S. sanguinis is an oral microorganisms that colonized the mouth to act as a tether for other bacteria that can in turn cause the formation of dental plaque and the development of periodontal disease (VCU). The bacterium is also a primary cause of bacterial endocarditis, a potentially fatal disease. I have been working on the S. sanguinis sequencing project in various capacities for the past year.


Identifying HGT events in S. sanguinis will help elucidate its phylogenetic role and, because HTGs are commonly implicated as virulent genes, aid in identifying possible drug targets. Figure 1 is a screenshot from a website that compiles the results of the Perl script. With the website, a user can navigate through the set of regions and/or genes to look for atypical regions. The rows with statistically significant results are highlighted with a certain color and the metric that causes the atypicality appears in bold typeface.
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Figure 1– Screen Shot of User Interface for HTG Results


The first analysis represents looking at windows in the genome instead of open reading frames. Choosing a window size is an almost arbitrary science. Karlin (2001) used windows of 50kb and 20kb in his analyses. In the following figures, I used a window of 10kb and an overlap of 5kb so that the results are more sensitive. Figure 2 shows the regions where GC content is atypical. Figure 3 shows the regions where codon adaptation index is atypical. Figure 4 shows the regions where dinucleotide bias (denoted sigma because of the Greek letter representing absolute average difference) is atypical.
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Figure 2 – Regions atypical in GC content
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Figure 3 – Regions atypical in CAI
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Figure 4 – Regions atypical in Dinucleotide Bias


Figure 5 shows the plots for the entire genome analysis.
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Figure 5 – Plots for 10kb window 5kb overlap


Because of their large sizes, I am not including the tables for genic region analysis. I will, however, discuss the results in the discussion section. Furthermore, because of technical difficulties, I have not been able to generate plots for the genic regions.
DISCUSSION

I should note that codon adaptation index may not be as relevant a statistic as the other two in the sliding window analysis because we would be including codon usage of non-coding regions. However, gene density of S. sanguinis warrants including it as a broad analytical tool. Visual examination of the plots further supports the inclusion of the CAI: the most atypical spikes in the CAI plot are echoed in the Sigma plot. These include the spikes at the beginning of the plot around the 100kb coordinate and the larger plateau toward the end just before the 2mb coordinate. Interestingly, these regions do not show up in the GC plot as atypical although there are spikes evident directly precedent and antecedent to them. The GC plot is more difficult to analyze because of a greater variability in the shape of the plot but there are a couple of spikes worth noting. The first is a large and sharp downward spike in the 2mb region (although it does not line up perfectly with the corresponding spikes in the CAI and Sigma plots). The second is an upward plateau in the 1.4mb region, seemingly the only significant increase from the mean GC in the plot.
The results of the statistical significance tables support the conclusions made from the visual examination of the plots. For further analysis, the website allows the user to look at regions significant in more than one metric. Performing such an analysis returns intriguing and disheartening results. The number of statistically significant regions decreases dramatically with a combination of metrics and there is only one region where all three metrics are significant. These results may improve with use of a different measure of statistical significance.
Analysis of the genic regions is incomplete because annotation of the entire genome is incomplete. However, examination of the statistical significance tables does reveal some interesting results. Of particular note is a relative abundance of islands of HTGs. Many previous studies, including Porwollik & McClelland (2003) and Karlin (2001), note that pathogenitic genes tend to transfer in islands called pathogenicity islands. Therefore, these clusters of candidate HTGs may indicate the presence of virulent genes and possible drug targets. Comparison against the final annotation of the genome will reveal the final answer. 
FUTURE WORK


The work presented in this report represents only the beginning of a more detailed analysis on the presence of HTGs in the Streptococcus sanguinis genome. Further work includes the need to compare the results of genic regions against an annotation of the genome. Unfortunately, time constraints and other responsibilities for the project limited the extent of the analysis but I will be continuing this work in my graduate studies.


I would also like to include other metrics for HGT detection that have been cited in literature. This includes amino acid bias (Karlin 2001), extended genome signatures (Dufraigne, Fertil, Lespinats et al. 2004), codon usage (Karlin, Mrazek & Campbell 1998) and an eight-nucleotide bias (Tsirigos & Rigoutsos 2005). Furthermore, I intend on making the website a more polished final product and allowing users the ability to examine HGT events in other genomes.
ACKNOWLEDGMENTS

I would like to acknowledge Dr. Ping Xu of the Philips Institute at Virginia Commonwealth University for mentoring me the past two summers at the BBSI. I will look forward to continuing my collaboration with him next year while pursuing my MS. I would also like to acknowledge Dr. Ellen Bass, my advisor in the Department of Systems Engineering at the University of Virginia. I would like to thank Mike Smoot, formerly of the University of Virginia and now at the University of California-San Diego, and Daniela Puiu, formerly of Virginia Commonwealth University and now at TIGR. Their help in technical matters in the past year has allowed me to become a more confident and skilled programmer. I would like to thank Yue Zhao, formerly of Virginia Commonwealth University and soon to attend Washington University, for his help in understanding Lateral Gene Transfer. Finally, I would like to thank Dr. Jeff Elhai and the BBSI for giving me the opportunity to explore the field of bioinformatics.

REFERENCES

Dufraigne, C., Fertil, B., Lespinats, S. et al. (2004). Detection and characterization of 

horizontal transfers in prokaryotes using genomic signature. Nucleic Acids Research, 33(1).
Ferretti, J., McShan, W., et al. (2001). Complete genome sequence of an M1 strain 
of Streptococcus pyogenes. Proceedings of the National Academy of Sciences, 98(8), 4658-4663.
Ho, M. (2002). Averting sense for nonsense. Science in Society, 16, 29-30.
Karlin, S. & Burge, C. (1995). Dinucleotide relative abundance extremes: a genomic signature. TIG, 11(7), 283-290.

Karlin, S., Mrazek, J. & Campbell, A. (1998). Codon usages in different gene classes of the Escherichia coli genome. Molecular Microbioloy, 29(6), 1341-1355.

Karlin, S. (2001). Detecting anomalous gene clusters and pathogenicity islands in diverse 


bacterial genomes. TRENDS in Microbiology, 9(7), 335-343.
Nakamura, Y., Itoh, T., Matsuda, H., & Gojobori, T. (2004). Biased biological functions 

of horizontally transferred genes in prokaryotic genomes. Nature Genetics, 36(7), 760-766.

Ochman, H., Lawrence, J. & Grolsman, E. (2000). Lateral gene transfer and the nature of 
bacterial innovation. Nature, 405, 299-304.

Porwollik, S. & McClelland, M. (2003). Lateral Gene Transfer in Salmonella. Microbes 


and Infection, 5(11).
Ragan, M. (2001). On surrogate methods for detecting lateral gene transfer. FEMS 

Microbiology Letters, 187-191.

Rice, P., Longden, I. & Bleasby, A. (2000). EMBOSS: The European Molecular 

Biology Open Software Suite. Trends in Genetics, 16(6), 276-277.
Sharp, P. & Li, W. (1987). The codon adaptation index - a measure of directional 

synonymous codon usage bias, and its potential applications. Nucleic Acids Research, 15(3), 1281-1295.
Tsirigos, A. & Rigoutsos, I. (2005). A new computational method for the detection of 
horizontal gene transfer events. Nucleic Acids Research, 33(3), 922-933.
Virginia Commonwealth University Streptococcus sanguis Genome Sequencing 


Project (2004). http://www.sanguis.mic.vcu.edu/.







